Urban vegetation provides many ecosystem services that make cities more liveable for people. As the world continues to urbanise, the vegetation cover in urban areas is changing rapidly. Here we use Google Earth Engine to map vegetation cover in all urban areas larger than 15 km 2 in 2000 and 2015, which covered 390,000 km 2 and 490,000 km 2 respectively. In 2015, urban vegetation covered a substantial area, equivalent to the size of Belarus. Proportional vegetation cover was highly variable, and declined in most urban areas between 2000 and 2015. Declines in proportional vegetated cover were particularly common in the Global South. Conversely, proportional vegetation cover increased in some urban areas in eastern North America and parts of Europe. Most urban areas that increased in vegetation cover also increased in size, suggesting that the observed net increases were driven by the capture of rural ecosystems through low-density suburban sprawl. Far fewer urban areas achieved increases in vegetation cover while remaining similar in size, although this trend occurred in some regions with shrinking populations or economies. Maintaining and expanding urban vegetation cover alongside future urbanisation will be critical for the well-being of the five billion people expected to live in urban areas by 2030.
Introduction
The majority of the world's population now live in urban areas [1] , making urban vegetation the type of ecosystem that most people interact with most frequently. In addition to providing opportunities for recreation [2, 3] , urban greenery can help to regulate urban microclimates, reduce flood risk, and support biodiversity [2, 4] . These benefits are known collectively as "urban ecosystem services" [5] . The diverse ecosystem services provided by urban vegetation can make cities more comfortable places for people to live [6] , improve public health [7, 8] , and have substantial economic values [2] . The services provided by vegetation in an urban area depend on many factors, including the type of plants [9] , the way that the vegetation is managed [10] , and the characteristics and interests of the resident human population [11] . At the scale of the whole city, the proportional cover of vegetation is a key high-level indicator for understanding the likely ecological quality of an urban area [12] [13] [14] [15] . Urban vegetation cover correlates with key ecosystem services such as temperature reduction [16] and the availability of green space for recreation [17] . Despite the importance of ecosystems for the sustainability of future cities [39] , we lack a global understanding of the current extent and recent rates of change in urban vegetation cover [14, 15] . We conducted a global remote sensing analysis to quantify vegetation cover in all urban areas greater than 15 km 2 in area in 2000 and 2015. We compared (1) the total change in proportion of vegetation cover across all urban areas that were greater than 15 km 2 in size, (2) the net change in vegetation cover in urban areas that were greater than 15 km 2 in size in both 2000 and 2015, and (3) the trajectories of urban change in relation to changes in size and vegetation cover.
Methods
We used a supervised remote sensing framework to classify vegetation and non-vegetation cover in all urban areas larger than 15 km 2 in 2000 and 2015.
Definition of Urban Areas Included in the Study
The boundaries of administrative metropolitan zones are defined differently in different countries, making these boundaries unsuitable for making systematic global urban comparisons [15, 40, 41] . Furthermore, the size and shape of urban areas changes over time, so in order to accurately represent changes in urban vegetation cover, it is critical to use urban boundary datasets that follow consistent criteria between years. To systematically define the boundaries of urban areas in two separate years, we used the global human settlement grid layer, which mapped the global extent of built-up areas in 2000 and 2015 using Landsat imagery [42] . We used the 250 m resolution version of the dataset, and defined all grid cells with more than 20% of built cover as "urban", following previously-used thresholds [43] . We extracted all contiguous urban areas larger than or equal to 15 km 2 in size, totalling 4929 urban areas in 2000 and 5923 in 2015. The analysis covered an area of over 390,000 km 2 in 2000 and 490,000 km 2 in 2015. Area calculations were made under the Eckert VI equal-area projection. Of the identified urban areas, 4256 were present in both 2000 and 2015.
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Retrieval and Processing of Satellite Data
The source satellite imagery for classification was the Landsat 7 Surface Reflectance Tier 1 image archive, providing atmospherically corrected surface reflectance at a resolution of 30 m by 30 m [44] . Cloud-free composite images were produced by processing three years of image data for each period (1999-2001 and 2014-2016) using Google Earth Engine [45] . Three years of data were used to ensure that image samples were available for each pixel to a complete composite, and we therefore assume that any changes in vegetation cover occurring within each three year period will be relatively small compared to changes occurring over the larger 2000-2015 period. Compositing was conducted on a per-pixel basis, using a temporal stack of observed values for each pixel. After extracting all images available for the study areas in these periods, all values defined as "cloud" with a confidence of "high", or as "cloud shadow" according to the CFMASK algorithm [46] were excluded from the temporal stack for each pixel. Cloud identification using CFMASK is not perfect, leaving some cirrus clouds visible. The remaining pixel values were thus composited by taking the 20 th percentile of values over the study periods for Landsat 7 bands 1-7. Median values are commonly used during similar compositing processes [47, 48] , but the presence of cirrus cloud tends to result in a brighter pixel, so preliminary tests using the median value occasionally resulted in cirrus artefacts, particularly in tropical regions. We therefore chose to use a low percentile, following the logic of the "darkest pixel" compositing method [49] . Choosing the absolute darkest pixel available in each temporal stack would introduce the risk that darkest pixel may be an outlier caused by shadow, atmospheric conditions, or unusual temporary land cover, so we instead chose a relatively low percentile, in this case the 20 th percentile [48] . Two additional calculated bands based on the normalised difference vegetation index (NDVI) were also added for classification. NDVI is a commonly-used index of the greenness of a pixel [50] , and the "greenest pixel" in a temporal stack has been previously been used in compositing [49, 51] . To avoid the risk of outlier NDVI values influencing the composite [48] , we extracted the 75 th percentile of NDVI over the period as an indicator of overall greenness during the growing season. We also extracted the standard deviation of NDVI over the period as an indicator of the temporal consistency or variability of vegetation [52] . The resulting stack of 9 bands was used for classification. Suitable cloud-free images were not available for all urban areas, as 8 urban areas were excluded due to lack of data in 2000, and 27 were similarly excluded in 2015.
Training Data for Vegetation Cover Classification
We created one training dataset for use in both 2000 and 2015, by identifying locations that did not change in land cover between these periods. Candidate training data points were generated using a stratified random approach, to sample across a range of global ecoregions and vegetation conditions. To stratify across ecoregions we classified broad ecoregion types according to the World Wildlife Fund Terrestrial Ecoregions of the World [53] . Ecoregions were grouped into four categories; tropical forest, temperate forest, grassland-dominated regions, and sparsely vegetated regions (including deserts and tundra). We sampled 250 urban areas at random from each ecoregion type. To stratify across vegetation types within each of the sampled urban areas, we calculated the normalised difference vegetation index (NDVI) in 2000 and 2014 from data provided by the Global Forest Change dataset [54] . Global Forest Change NDVI is based on Landsat 7 imagery [54] and was used because our composited Landsat 7 data were not available at the time of training data collection. To stratify across vegetation type, we sampled a maximum of 100 pixels from each of the 1000 urban areas (where enough pixels were available), randomly with stratification across decile classes of 2014 NDVI. This resulted in a candidate training sample of 78,261 points. To increase the probability of identifying training data points that did not change between 2000 and 2014, we cross-compared the NDVI values between these two years ( Figure 2 ). Pixels that were more than 1 standard deviation from the line of equality (20,105 data points) were excluded from the potential training dataset, as a difference in NDVI indicates a likely change in land cover. The remaining pixel locations were viewed manually in a random order within Google Earth for classification, and were screened and classified until the required sample size of 1,000 pixels was reached. True-colour aerial images of each pixel were first screened to ensure that they did not change between 2000 and 2014, using the historical image viewer in Google Earth. Next, the pixels were screened to ensure that they did not cover water. Water areas were largely absent from the training sample because the source Global Forest Change dataset excludes major water bodies and the sea [54] ; only 6 water pixels were identified after screening 1,143 pixels. Finally, pixel locations that met the screening criteria were classified into either vegetated land cover or non-vegetated land cover by visual interpretation. Pixels were classified based on the dominant (> 50%) cover.
Supervised Vegetation Cover Classification
We used the resulting 1000 data points ( Figure 3 , Table 1 ) to train a random forest machine learning algorithm with 10 trees per class, to classify between vegetated cover and non-vegetated cover. The random forest model classified based on the derived composite Landsat 7 satellite images bands described above, and was implemented using the ee.Classifier.randomForest function in Google Earth Engine [45] . The model accuracy was assessed by comparison with a completely random sample of 293 pixels that were viewed using the historical viewer on Google Earth ( Figure  3 ). The overall error rate for the 2000 model was 9.2% ( Table 2 ). The overall error rate for the 2015 model was 7.5% (Table 3 ). The remaining pixel locations were viewed manually in a random order within Google Earth for classification, and were screened and classified until the required sample size of 1000 pixels was reached. True-colour aerial images of each pixel were first screened to ensure that they did not change between 2000 and 2014, using the historical image viewer in Google Earth. Next, the pixels were screened to ensure that they did not cover water. Water areas were largely absent from the training sample because the source Global Forest Change dataset excludes major water bodies and the sea [54] ; only 6 water pixels were identified after screening 1,143 pixels. Finally, pixel locations that met the screening criteria were classified into either vegetated land cover or non-vegetated land cover by visual interpretation. Pixels were classified based on the dominant (> 50%) cover.
We used the resulting 1000 data points ( Figure 3 , Table 1 ) to train a random forest machine learning algorithm with 10 trees per class, to classify between vegetated cover and non-vegetated cover. The random forest model classified based on the derived composite Landsat 7 satellite images bands described above, and was implemented using the ee.Classifier.randomForest function in Google Earth Engine [45] . The model accuracy was assessed by comparison with a completely random sample of 293 pixels that were viewed using the historical viewer on Google Earth (Figure 3 ). The overall error rate for the 2000 model was 9.2% ( Table 2 ). The overall error rate for the 2015 model was 7.5% (Table 3) . Ecoregion Type S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 Totals S1  S2  S3  S4  S5  S6  S7  S8  S9  S10  Totals   Tropical forests  30  25  20  17  30  19  29  16  24  21  231  Temperate forests  40  49  28  28  20  30  30  30  36  36  327  Grasslands  37  33  21  28  29  23  29  17  12  14  243  Unvegetated  45  31  26  16  22  11  12  14  7  15  199  Totals  152  138  95  89  101  83  100  77  79  86  1000   Table 2 . Confusion matrix for classification model of green space cover and unvegetated cover in 2000. Comparison between random forest predictions and 293 novel validation points.
Ecoregion Type

Vegetated Cover Unvegetated Cover Error
Vegetated cover 161 15 0.10 Unvegetated cover 12 105 0.09 Table 3 . Confusion matrix for the classification model of green space cover and unvegetated cover in 2015. Comparison between random forest predictions and 293 novel validation points.
Vegetated cover 174 14 0.08 Unvegetated cover 8 97 0.07
Vegetation Cover Classification Uncertainty Analysis and Bootstrap Simulation for Significance Testing
We quantified vegetation cover in each urban area by extracting vegetation and non-vegetation pixels from the land area analysed by Global Forest Change [54] . We calculated error-corrected estimates of the vegetation cover in each urban area in 2000 and 2015 using the class-specific errors given in the confusion matrices (Tables 2 and 3 ) [55] . To assess whether individual cities significantly increased or decreased in their proportion of vegetation cover between 2000 and 2015, we used a bootstrap simulation to carry forward the uncertainty in land cover classification. Within an urban area, the random forest models classified all pixels as either vegetation cover or non-vegetation cover. For each pixel, we estimated the probability of actual vegetation cover, based on the class-specific error rates obtained from the confusion matrices (Tables 2 and 3 ). For pixels classified as vegetation, the probability that they were vegetation was defined as:
where P(G) is the probability of the pixel being vegetation and E G is the error estimate for the vegetation cover class. For pixels classified as non-vegetation, the probability that they were vegetation was defined as;
where E N was the error estimate for the non-green cover class. For each of 1000 bootstrap replicates, we applied these probabilities to the number of pixels that were green and non-green according to the classification, to simulate 1000 bootstrap alternatives of urban vegetation cover in 2000 and 2015.
We then calculated the change in proportional vegetation cover as the proportion of vegetation cover in 2015 -the proportion of vegetation cover in 2000.
To assess the significance of change in the proportion of vegetation cover in each urban area between 2000 and 2015, we took the 2.5th and 97.5th percentile of the differences between the 1000 bootstrap simulations as the 95% confidence intervals for the change [56] . We defined a significant change in vegetation cover if these 95% confidence intervals did not overlap zero. Urban areas were considered to have been present in both 2000 and 2015 if the extents from these two periods overlapped in any way. In cases where multiple urban areas from one period overlapped with one urban area from the other period, the proportional vegetation cover was calculated as the total across all overlapping urban areas.
Statistical Analysis of Difference in Global Urban Vegetation Cover
We analysed the difference in vegetation cover across all studied urban areas between 2000 and 2015 using a binomial mixed-effects generalised linear model [57] . Urban areas that were present in both 2000 and 2015 were paired using a random effect, and an additional random effect was included to account for potential variation caused by differing cultural and political situations in different countries. The country of each urban area was taken to be the country that the majority of the urban area was located in. To assess the robustness of conclusions with respect to the errors in vegetation cover classification described above, we used 1000 simulated alternatives of urban vegetation cover to bootstrap the regression model. The 95% confidence intervals for the model coefficients and p values were extracted as the 2.5th percentile and 97.5th percentile of all bootstrapped values [56] .
National-Scale Comparison
We took the median vegetation cover change values, and median size change values, from the urban areas located in each territory. Territories were excluded from the analysis if they contained less than 10 urban areas.
Urban Change Trajectories
For all 4256 urban areas present in both 2000 and 2015, we compared the trajectory of change by plotting the change in percentage vegetation cover against the change in size of the urban area over the study period. Change in size was calculated as a percentage of the land area in 2000. To assign a trajectory, we first assessed whether the urban area had increased or decreased in size and lost or gained vegetation cover (Figure 1 ). However, a substantial number of urban areas did not change much in size, so could be considered to have increased or decreased in vegetation cover while remaining "similar" in size. To assess the sensitivity of the findings to the definition of "similar in size", we counted the number of urban areas following each trajectory type when using thresholds of 0%, 1%, and 5% increases in area.
Results
We mapped 176,000 km 2 of urban vegetation cover in 2000 and 210,000 km 2 in 2015. The total area of urban vegetation has thus increased rapidly, at a rate of more than 1% of the 2000 extent every year. This corresponds to the widespread expansion of urban areas, as more than 100,000 km 2 of additional urban area was analysed in 2015 than in 2000. The percentage vegetation cover in urban areas has significantly declined, from a median of 47% in 2000, to a median of 42% in 2015 (z = -745.1, p < 0.001; Tables 4 and 5 ). Of the 4256 urban areas analysed in both years, 2,307 urban areas declined significantly in vegetation cover. Declines in urban vegetation cover were observed in rapidly developing countries in Africa, Asia, and South America (Figure 4) , with median reductions of more than 15% in Nigeria and Vietnam (Table 6 ). In Europe, vegetation cover declined in the United Kingdom (UK) ( Table 6) as well as in Switzerland, western Germany, and Russia (Figure 4 ). Despite the overall reduction in vegetation cover, 1,786 urban areas increased significantly in vegetation cover over the study period. Increases in vegetation cover occurred mainly in parts of Europe and eastern North America (Figure 4) , with Hungary and Greece showing the largest median increases of greater than 10% (Table 6 ). Over half of the 4,256 urban areas both decreased in vegetation cover and increased in area, showing a trajectory of grey extensification ( Figure 5 ; Table 7 ). Among the countries that showed the greatest declines in urban vegetation cover, many showed substantial increases in urban extent; for example, urban areas in Nigeria grew in size by a median of 50% (Table 6 ). Few urban areas showed a trajectory of grey intensification ( Figure 5 ; Table 7 ). For urban areas that increased in vegetation cover, the majority increased in size, thus showing a trajectory of green extensification ( Figure 5 ; Table 7 ). Some of the countries with the highest median increases in urban vegetation cover, such as Hungary, Czechia, Romania, USA, and Canada, also showed median increases in size of greater than 10% ( Table 6 ). The least common trajectory was green intensification, as few urban areas simultaneously decreased in size and increased in vegetation cover ( Figure 5 ; Table 7 ). However, a slightly larger number of urban areas increased in vegetation cover while remaining approximately similar in size, depending on the threshold of change in size that was chosen ( Table 7 ). Over half of the 4,256 urban areas both decreased in vegetation cover and increased in area, showing a trajectory of grey extensification ( Figure 5 ; Table 7 ). Among the countries that showed the greatest declines in urban vegetation cover, many showed substantial increases in urban extent; for example, urban areas in Nigeria grew in size by a median of 50% (Table 6 ). Few urban areas showed a trajectory of grey intensification ( Figure 5 ; Table 7 ). For urban areas that increased in vegetation cover, the majority increased in size, thus showing a trajectory of green extensification ( Figure 5 ; Table 7 ). Some of the countries with the highest median increases in urban vegetation cover, such as Hungary, Czechia, Romania, USA, and Canada, also showed median increases in size of greater than 10% ( Table 6 ). The least common trajectory was green intensification, as few urban areas simultaneously Remote Sens. 2020, 12, 23 9 of 16 decreased in size and increased in vegetation cover ( Figure 5 ; Table 7 ). However, a slightly larger number of urban areas increased in vegetation cover while remaining approximately similar in size, depending on the threshold of change in size that was chosen (Table 7) . Table 6 . The 10 countries with the largest decreases and increases in the median proportion of urban vegetation cover. Only countries with more than 10 urban areas are included. These axes highlight urban areas that show trajectories of (a) grey extensification, (b) grey intensification, (c) green extensification, and (d) green intensification. Urban areas with changes in area of more than 150% or less than -50% (totalling 127 urban areas) are not shown. Table 7 . Sensitivity of urban change trajectory categorisation to the threshold of increase in urban area size that is used. Under the 1% and 5% increase thresholds, urban areas falling below this threshold are considered to have remained similar in size. 
ISO Country Code
Median
Discussion
Urban Vegetation as A Globally Significant Ecosystem
Globally, urban vegetation covers an area equivalent to the country of Belarus, and this area is rapidly increasing. Conservation and management of urban vegetation has received attention at the level of individual cities [58] [59] [60] , but urban vegetation has not been mapped at a global scale for conservation monitoring purposes. Here, we show that urban vegetation covers a considerably greater area than some other ecosystems that have long been the focus of global conservation and monitoring efforts, such as mangrove forests [61] . Urban vegetation differs from natural ecosystem types in its heavy modification by people, high fragmentation [62] , and dispersion across climatic zones and bioregions [17, 29] . However, these factors have given rise to a novel variety of ecosystems that can support diverse biodiversity [63] , and provide valuable services to urban residents [6, 39] . While the total cover of urban vegetation is increasing worldwide, many individual green spaces have been lost due to urbanisation. Not all urban vegetation provides equal ecosystem services [9] , and older patches may be disproportionately beneficial [64] . Urban vegetation warrants greater protection and restoration in future, due to its importance for people and urban biodiversity, its substantial area, and its rapid rate of change. Real-time or annual monitoring of urban vegetation cover could highlight areas of rapid vegetation loss to national and metropolitan governments, giving opportunities to take action and reduce unplanned spontaneous urban growth [65] .
Trajectories of Urban Vegetation Change
Urban areas are subject to varied climatic, demographic, economic, and cultural pressures around the world [29] , leading to a complex diversity of mechanisms that drive the observed trajectories of urban vegetation change. While the causes of change in individual cities require in-depth study, here we suggest some general mechanisms that may be common across urban areas. Urban vegetation cover declined in most urban areas between 2000 and 2015. The most common form of urban change was grey intensification; urban areas simultaneously grew larger and reduced in proportional vegetation cover. Grey extensification was common in developing regions that have rapidly urbanised. In many of the 10 countries with the greatest declines in green cover (Table 6) , the percentage of the population classified as urban increased rapidly over the study period. For example, by 13% in Nigeria and 9% in Vietnam [1] . Rapid urban growth in developing countries may drive suburban expansion and vegetation loss when governments have limited capacity to protect open spaces from informal settlement [33] , and must prioritise more immediate sanitation, health, and economic concerns over providing and securing green space [33] . While a focus on such issues may bring short-term development gains, it can be difficult to re-create urban parks and gardens once they have been lost, thus depriving future urban residents of the ecosystem services provided by vegetation [38] .
Few urban areas declined in size during the study period, but a substantial number grew only slightly ( Figure 5 ; Table 7 ). Some urban areas have geographic or governance constraints that prevent suburban expansion [23] . In these areas, demand for land is likely to be high, leading to densification within the urban boundary and removal of existing urban green spaces. The UK provides an example of a country where urban vegetation cover has dramatically declined, while the size of urban areas has grown by a median of only 5% (Table 7) . Urban areas in the UK are subject to policies that strongly discourage suburban sprawl through the protection of greenbelt land, and encourage brownfield development [23] . Such brownfield development results in the loss of spontaneous vegetation cover on unused land [35] , and higher pressure on inner-city land generally encourages denser urban forms that leave less amenity green space [36] .
The majority of urban areas that increased in vegetation cover also increased in size ( Figure 5 ; Table 7 ). One common mechanism behind this green extensification is low-density suburban sprawl, in which new peri-urban developments with high green cover act to "capture" peri-urban green space and increase the average cover across the urban area [66] . Urban sprawl can capture remnant patches of natural or semi-natural vegetation, which can support remaining biodiversity [67] . In other cases, urban sprawl has enveloped agricultural land, resulting in pockets of agricultural production across the suburban landscape that can provide substantial food. For example, 20% of Mexico City's food production comes from within the urban boundary [68] . Finally, some green extensification has involved suburban expansion that has replaced rural vegetation with managed urban vegetation in a low-density matrix, typically in the form of private gardens [69] .
A small number of urban areas increased in green cover while becoming smaller ( Figure 5 ; Table 7 ). However, around 10% of urban areas increased in green cover while increasing in size by less than 5% (Table 7) . Green intensification was more common in regions with declining populations, such as Hungary, Serbia, and Romania (United Nations, 2018), or stagnant economies, such as the "rust belt" of North America [24] . As the demand for urban land declines, land abandonment can lead to spontaneous vegetation growth, causing an increase in green cover [35] . Urban vegetation cover can also increase alongside increases in population density, if there is strong protection for existing green spaces, and regulations or incentives that ensure that new urban developments make a net positive contribution to green cover [37] . For new developments, indicators such as the green plot ratio can be used to set quantitative green cover thresholds that developers must meet [70] Increases in vegetation cover can also be achieved through improving the management of private land parcels; for example through incentivising landowners to replace impervious cover in their gardens with vegetation [27] .
Implications of Global Changes in Vegetation Cover
Reductions in urban vegetation cover are likely to reduce the provision of environmental, social, and economic benefits from urban vegetation, resulting in negative impacts such as elevated urban temperatures and flood risk [71, 72] . The higher rate of loss of urban vegetation cover in Africa, Asia, and South America is therefore concerning, as these regions are particularly susceptible to environmental risks [73] , and many urban residents depend more directly on ecosystem services for their livelihoods [29, 74] .
If urban areas become greener in the future, they must choose to pursue either green extensification or green intensification. Future expansion of highly-vegetated suburbs could help to enhance the overall vegetation cover in a city, but would run the risk of negatively impacting surrounding rural ecosystems and their biodiversity or environmental assets such as carbon stocks [21, 75] . Furthermore, suburban vegetation may not be equitably available to all urban residents [76] . Green intensification of existing urban areas could help to accommodate growing populations while adding new vegetated cover [36] , but it is important to consider the types of vegetation that are added to a city, because different types of vegetation have different abilities to provide ecological functions and services [77] . For example, highly manicured parks and vegetated buildings may be added to increase the aesthetic value of dense cities during green intensification, but these vegetation types can have high associated maintenance costs [78, 79] and perform only a limited role in providing other ecosystem services such as supporting biodiversity [80, 81] .
High-rise construction and green building development requires technical expertise and can be expensive, requiring the transfer of knowledge and funding from cities that have successfully implemented these technologies [38] . To gain the most from urban vegetation, it is important to not only protect and increase the total vegetated area, but also to understand how best to manage these ecosystems to provide services to people [10] . Not all types of urban vegetation provide the same ecosystem services, and many existing urban parks and gardens are costly to maintain in terms of labour, water, and nutrient inputs [78] . The future design and management of urban vegetation must therefore balance the provision of services against the management costs [78] .
Conclusions
The approach presented in this article may be repeated in the future to track continued changes in vegetation cover across the world's cities. Urban areas are expected to continue to grow and change rapidly over the next 50 years, putting pressure on existing urban vegetation and surrounding rural areas [21] . However, future urban development will also bring opportunities for urban greening, through new design innovations that make space for natural and semi-natural spaces [36] , and new building typologies that increase the use of vegetation on top of living and working spaces [81] .
To ensure that future cities support biodiversity and provide liveable green environments for people, urban vegetation requires more attention as a globally dispersed yet substantial ecosystem type. Funding: The research was partially conducted at the Future Cities Laboratory at the Singapore-ETH Centre, which was established collaboratively between ETH Zurich and Singapore's National Research Foundation (FI 370074016) under its Campus for Research Excellence and Technological Enterprise programme.
